Aberrant DNA methylation is commonly heralded as a promising cancer biomarker; however, its inherently stochastic nature often leads to variable methylation patterns that can complicate the use of methylation 2 biomarkers for clinical diagnostics, particularly in dilute samples such as liquid biopsies. Here, we present a methylation density binary classifier, a statistical method for leveraging differential heterogeneous methylation to predict and optimize the performance of methylation biomarkers for clinical applications. We first developed and tested the classifier using methylation density profiles derived from reduced representation bisulfite sequencing reads of ovarian carcinoma at ZNF154, a recurrently methylated locus in multiple cancer types. We then used in silico simulations to predict the performance of the classifier in liquid biopsies and validated these predictions using quasi-digital melt curve analysis (DREAMing) of circulating cell-free DNA from individuals with versus without ovarian carcinoma. We found good agreement between predicted and observed classifier performance, and further demonstrated that implementation of this approach with ZNF154 outperformed CA-125 for use in etiologically-diverse ovarian cancer types. Our results indicate that methylation density profiles can be exploited to predict and facilitate implementation of methylation biomarkers for clinical applications, and that ZNF154 methylation shows promise as a clinicallyuseful biomarker for ovarian cancer.
INTRODUCTION
A primary aim in cancer diagnostics is to identify and develop reliable biomarkers for malignancy detection that can ideally be detected with non-invasive detection methods. Epigenetic biomarkers are potentially useful cancer indicators, as many genomic loci become recurrently methylated during tumorigenesis and can thus serve as reliable indicators of disease (1) (2) (3) . A particularly attractive application for methylation biomarkers is use in liquid biopsies, which represent minimally invasive assays to detect circulating tumor DNA (ctDNA), and associated epigenomic alterations, when shed from cancerous tissues into the blood (4) . While whole methylome analyses, such as whole-genome bisulfite sequencing (WGBS) (5) and Infinium BeadArrays (6), have identified scores of differentially-methylated genomic loci in cancers (7), only a handful of individual loci have ultimately become effective for use as biomarkers in clinical applications (8, 9 ). This is due to a number of technical hurdles involved in translating promising methylation biomarkers for use in liquid biopsies, including (i) the small proportion of plasma ctDNA relative to cell-free DNA (cfDNA) derived from healthy cells (10), (ii) heterogeneity of methylation at a given locus (11-14), (iii) age-associated accrual of methylation confounding marker selection (15), and (iv) differences in the yield of extracted cfDNA between samples (16). Collectively, these issues often make it difficult to achieve the high degrees of sensitivity and specificity necessary to attain reasonable clinical performance with a limited number of biomarkers (17). Thus, there remains a need for the development and implementation of new methods capable of increasing the signal to noise ratio in order to harness the diagnostic potential of methylated biomarkers in general.
The overall aim of the present study was to investigate, and potentially exploit, differences in locusspecific DNA methylation heterogeneity between case and control samples to optimize the use of methylation biomarkers in blood-based detection methods. We introduce a methylation density binary classifier (MDBC) aimed at maximizing the performance of methylation biomarkers by leveraging statistical differences in the profiles of epiallelic methylation densities between sample cohorts. Methylation density, or the proportion of methylated CpG-dinucleotides in a given genomic locus, leverages the degree of CpG methylation to overcome background methylation noise attributed to technical or biological conditions (8, 18, 19) . The measurement is agnostic to changes within the methylation pattern and therefore has the potential to outperform methods that are reliant on methylated positions such as methyl specific PCR, and to achieve high sensitivity. Specifically, we examine methylation at the ZNF154 locus, which we previously demonstrated to be differentially-methylated in at least 14 different solid cancer types (2, 20) . More recently, reduced representation bisulfite sequencing (RRBS) of epithelial ovarian carcinomas (EOCs) also identified the ZNF154 locus among the most promising biomarker candidates in tissue and serum specimens (8).
In the present work, we employ this RRBS data to develop a framework for the MDBC as well as to estimate the potential utility of the classifier to improve ZNF154 diagnostic performance in dilute samples such as liquid biopsies. We validate the MDBC in liquid biopsy specimens using our previously-reported, ultra-sensitive high-resolution melting assay, Discrimination of Rare EpiAlleles by Melt (DREAMing), which provides an inexpensive and straightforward means of evaluating locus-specific methylation density at single-molecule sensitivity and single CpG-site resolution (21). We employ DREAMing to assess the methylation density profiles of plasma samples obtained from 34 patients with refractory EOC and 57 cancer-free controls. From this data we demonstrate significant improvement in the ability to distinguish between patient and controls plasma samples using MBDC compared to mean locus methylation signal.
Lastly, we show that our method more accurately identifies EOC in liquid biopsies from etiologically diverse The first cfDNA cohort contained plasma from 26 EOC-positive patients and 45 healthy women (1 sample per patient). The patients with EOC had previously received standard-of-care treatment (a platinumand taxane-containing regimen), relapsed after one or more subsequent treatment regimens, and been recruited into a clinical trial testing combined treatment with bevacizumab and dasatinib (NCT01445509).
The plasma samples were taken at baseline before treatment was administered. Volumes of plasma processed and extracted cfDNA concentrations can be found in Supplemental Table 1 .
The second cohort encompassed 24 plasma samples from 8 patients with ovarian cancer (3 samples per patient) and 12 control samples from healthy women (1 sample per patient). Here, too, patients with ovarian cancer were given standard of care, relapsed, and were recruited to a clinical trial, this one testing combined treatment with bevacizumab and sorafenib (NCT00436215). Ovarian cancer patient plasma samples were taken at three separate time points over 6 weeks (at baseline, 2 weeks after exposure to the first agent, and 2 weeks after exposure to the second agent). Blood was collected into standard EDTA tubes and maintained on ice for transport; plasma was separated immediately using centrifugation and frozen in 1.0-to 1.5-ml aliquots at -80 o C. Additionally, CA-125 protein levels in the blood were measured every 4 weeks using standard immunoassay testing.
Mean locus methylation and weighted sample fraction of methylation density at the ZNF154 locus from RRBS data
The RRBS data were aligned to hg19 using Bismark-0.19.0 (23). Counts of RRBS reads that overlapped the region Chr19:58220000-58220800 were tallied for each sample and divided into subgroups based on their specific start coordinates and combinations of methylated and unmethylated cytosines. Based on sample metadata, counts of reads from replicate libraries of the same sample were pooled together. The three largest read pileups, which encompassed approximately 95% of the total reads, were found to have start coordinates located at chr19:58220394, chr19: 58220395, chr19: 58220396, chr19: 58220535, chr19:
58220536, chr19: 58220537, chr19: 58220122, chr19: 58220123, and chr19: 58220124. Reads not containing these start coordinates were ignored. One WBC sample did not have any reads at these coordinates and therefore was removed from the analysis.
Methylation density was defined as the number of methylated CpGs (meCpGs) out of total CpGs in a given read or DNA molecule. The weighted methylation level of a locus, or henceforth the mean locus methylation, was defined as the total number of meCpGs out of all CpGs sequenced in reads from the locus in question (24). The sample epiallelic fraction was defined as the proportion of reads with a given methylation density out of all reads from a given locus.
Reads with the same methylation density but having different numbers of CpGs were weighed in terms of their contribution to the overall sample methylation density by normalizing their epiallelic fractions in terms of the number of CpGs they covered out of the total CpGs covered in all of the reads. For this, we calculated the epiallelic fraction for a given set of reads by:
where C = # of CpGs covered by the reads with a methylation density above a given cutoff and Ct = total
CpGs in all reads.
Methylation density binary classifier (MDBC) procedure
The DREAMing assay includes two parameters that must be specified before a sample can be called positive: 1) a minimum methylation density MDmin, and 2) a minimum epiallelic fraction EFmin. A sample is considered positive if at least EFmin of the DNA fragments are methylated at a density above or equal to MDmin, where the optimal parameters are chosen to maximize sensitivity+specificity (or, equivalently, true positive rate (TPR) -false positive rate (FPR)). Given a set of training data, the MDBC procedure solves for these two parameters simultaneously by calculating TPR-FPR for various combinations of MDmin and EFmin, choosing the pair of parameter values that maximizes the value.
In practice we define a range of values for MDmin, from 0 to 1 in increments of 0.05, and let the data define an appropriate range of EFmin for each possible density MDi by considering the full set of epiallelic fractions that are observed in the training data, at the selected MDi. In the extreme case that MDmin=0, we consider fragments that have a density above but not equal to MDmin so that we are considering all except fully unmethylated reads for computing the sample EF.
For the RRBS samples, the epiallelic fractions are the weighted sample fractions described above.
For the plasma samples methylation density is derived from the melting temperatures as described below, and epiallelic fractions are calculated from the DREAMing melt peaks representative of each DNA divided by the total genomic equivalents assessed.
Simulated dilution and classification performance comparison between the mean locus methylation and MDBC using RRBS data
To test the classification performance of either using mean locus methylation or the optimal methylation density and sample epiallelic fraction determined by the MDBC across a range of tumor signals, RRBS reads from EOCs or WBCs were randomly mixed together at different fractions at a set depth of total reads.
A total depth of 10,000 reads was determined in order to simulate dilutions down to 0.01%. At each dilution, a simulated set of "spike-in" samples was made by randomly pairing each of the 12 EOCs with one of the 22 WBC samples for a total spike-in sample set size of 22. For each pair, a distribution of read methylation densities was generated for the EOC and the WBC sample based on the weighted sample fractions of methylation densities. Reads were randomly sampled from each distribution at a ratio equivalent to the % tumor dilution in question with the total number of reads sampled equal to the total read depth. For each dilution, receiver operating characteristic (ROC) curves were built for classifying samples using either the mean locus methylation level or the sample epiallelic fraction based on the methylation density cutoffs selected by the MDBC. The spike-ins were used as cases and the original 22 WBC samples as controls.
ROC area under the curve (AUC) for the mean locus methylation and the optimal methylation density were recorded. This simulation was repeated 50 times and the mean AUC and the 95% CI for the mean locus methylation and MDBC methylation density were computed.
Using the same 50 iterations of the simulated dilution mentioned above, we compared the performance of using the mean locus methylation or a methylation density cutoff at high dilutions of EOC RRBS reads. For select tumor dilutions (1.0%, 0.1%, 0.01%), we recorded AUC values for each methylation density cutoff as well as the sensitivity and specificity resulting from the optimal epiallelic fraction cutoff for that methylation density. Using the AUCs, we then determined the probability of achieving an improved performance over mean locus methylation for each methylation density cutoff. Given that the AUC can be defined as: "the probability that a randomly selected case will have a higher test result than a randomly selected control," (25) we considered each application of the methylation density cutoff a case and the resulting AUC its test value whereas the mean locus methylation AUCs would be the test results for a set of controls. We constructed a new ROC based on these two sets of AUC values (n=50 for both methylation density and mean locus methylation) and the resulting AUC of this ROC was considered the probability that the methylation density cutoff would produce a higher AUC, or improved performance, than the mean locus methylation.
Measurement of ZNF154 methylation using DREAMing
Plasma cfDNA extraction and bisulfite conversion. To extract cfDNA, we employed the methylation-onbeads protocol (26) using NeoGeneStar Cell Free DNA Purification kits with pretreatment reagents and NeoGeneStar magnetic beads (NeoGeneStar, Somerset, NJ). Extracted cfDNA was bisulfite converted using Zymo Lightning Conversion reagents (Zymo Research, Irvine, CA) and eluted twice in 50 µl Zymo Elution Buffer using 1.5 ml LoBind Eppendorf tubes (Eppendorf, Hauppage, NY). We quantified the resulting DNA by performing qPCR in duplicate, using a primer and a TaqMan probe set to amplify a 100-bp region overlapping the bisulfite-converted top strand of the beta-actin locus on a C1000 Touch Thermo Cycler (BioRad, Hercules, CA) using a CFX96 Real-Time System.
Quantifying ZNF154 methylation in cfDNA with DREAMing. The DREAMing method quantifies methylation density via melting-peak analysis of bisulfite-treated sample DNA (21). Bisulfite conversion deaminates unmethylated cytosines to uracils, which eventually are replaced by thymines during amplification. By contrast, methylated cytosines remain intact. After PCR amplification, the difference in the base-stacking energy of C/G vs. A/T bases creates distinct melting temperatures in the products; more C/G pairs result in a higher melting temperature. DREAMing improves upon previous methylation-sensitive high-resolution melting assays (27,28) by diluting the sample to achieve quasi-digitization of the population of methylated fragments, such that each reaction contains target DNA fragments with no more than two different methylation densities (i.e., epialleles). This helps eliminate the formation of heteroduplexes, allowing us to determine the methylation density of the respective epialleles.
We used DREAMing to calculate the fraction of ZNF154 DNA fragments with a given methylation density. First, we determined that the maximum number of genomic copies of cfDNA that could be loaded into a well without compromising the detection of single epialleles of the targeted ZNF154 genomic region was approximately 400, based on our ability to detect single fragments of fully methylated synthetic ZNF154 target in a known quantity of low-methylation bisulfite-treated genomic DNA. We partitioned each sample across 12 wells on a 96-well microtiter plate, for a total of 8 samples per plate. Thus, the maximum amount of a given sample that we could query in a single DREAMing assay would be 4,800 genomic copies (12 wells times 400 genomic copies per well). Each sample was queried via DREAMing at least twice, for a total of 24 wells per sample, and the data for multiple runs of a given sample were pooled together. The fraction of methylated ZNF154 genomic fragments for each sample was determined by counting the number of melting peaks above a defined temperature cutoff (corresponding to a specific methylation density cutoff, or number of methylated CpGs out of 14 total positions for our ZNF154 locus; for conversion between these two values see next section), where each counted peak corresponded to a single methylated cfDNA fragment, inferred from Poissonian statistics. We divided these counts by the total number of genomic copies loaded into the DREAMing assay (representative of the total number of cfDNA fragments analyzed)
to arrive at the sample epiallelic fraction of cfDNA fragments with a given methylation density. Validation and calibration of DREAMing melt peak temperatures to methylation densities. Because accurate determination of methylation density depends on efficient bisulfite conversion, we used bisulfite amplicon sequencing to validate the results of at least one well per sample in the training set from the DREAMing assay. We focused on wells that contained a temperature peak indicative of a high methylation density cfDNA fragment and when possible, selected multiple wells that together were representative of the overall methylation profile for a given sample. In this way we included wells that had cfDNA fragments with low methylation densities and wells that had high methylation densities and sought to test the validity of the assay across this methylation range. We implemented a linear regression model to convert DREAMing melt peak temperatures to methylation density values determined by the bisulfite amplicon sequencing. Patterns of meCpGs computed from the sequencing reads were kept for a given well if their abundance was above 1%.
Sequencing patterns were ordered based on methylation density and abundance and the pattern with the highest methylation density from this list was then matched to the highest melt peak temperature. Given that our unmethylated controls consistently melted between 80°C and 80.4°C, we also discarded melt temperatures below 80°C for this calibration. We found good agreement between the DREAMing melt peak temperature and the actual methylation density determined from the bisulfite amplicon sequencing ( Fig S3) .
We used the generated linear model to convert all melt peak temperatures into methylation densities and rounded these to the nearest 7% given that we would expect each additional meCpG in our locus of 14 potential meCpG sites to increase the methylation density by 1/14 or approximately 7%.
Mean locus methylation in plasma.
The epiallelic fraction of all detected epialleles via DREAMing except fully unmethylated DNA fragments (based on a methylation density cutoff of 0%) was used as an estimate of the sample mean locus methylation. This was based on the fact that, unlike the RRBS reads, the number of CpG sites covered (14) was the same for each DNA fragment targeted in the DREAMing assay.
Therefore, the fraction of these CpGs that were methylated would be proportional to the fraction of total methylated epialleles.
Statistical analyses and plotting
Plotting and statistical analyses were performed using custom Python-2.7.14 (https://python.org) and R-3.4.4 (29) scripts. To compare epiallelic fractions or mean locus methylation between groups, boxplot comparisons were performed. Statistical significance was evaluated using the two-sided Wilcoxon rank sum test. The true and false positive rates, associated thresholds, as well as the area under the curve (AUC) for the receiver operating characteristic analyses were generated using the python package sklearn (v0.19.1) (30) with the module sklearn.metrics. AUC 95% confidence intervals were computed using the R library pROC (31) and using the ci.auc() command with method="bootstrap" on the data using 2000 stratified replicates. Statistical significant difference between ROC curves was computed using the roc.test() command.
RESULTS

RRBS profiling of ZNF154 methylation density in healthy and cancerous tissues
We used the ZNF154 locus as our model cancer methylation biomarker given its propensity to be specifically and recurrently hypermethylated in numerous cancer types as compared to healthy control tissues, including white blood cells (WBCs), the predominant source of cfDNA in liquid biopsy specimens (32). As shown in Figure 1A , data derived from analysis of publicly- Figure 1A) . We next performed an initial analysis of RRBS data (8) generated from EOCs, healthy ovarian tissues, and WBCs. We defined methylation density as the ratio of methylated CpG dinucleotides (meCpGs) to total CpG sites within a given DNA molecule (i.e., epiallele) from a defined genomic locus.
For comparison, the mean locus methylation was calculated as the number of meCpGs over all CpGs covered by the epialleles derived from the locus in question, as previously defined (24). According to the methylation density profiles of the three samples types, ( Figure 1B , C, and D; depicting the relative prevalence of epiallelic fractions as a function of locus methylation density) there was a higher proportion of heavily-methylated epialleles in EOC samples when compared to either control or WBC samples.
Development and performance of a methylation density binary classifier in tissue
We developed a basic framework for a methylation density binary classifier (MDBC; see Figure 2A for schematic), aimed at identifying ideal parameters for classifying samples according to their respective methylation density profiles. In short, the MDBC incorporates an iterative process to identify cutoff values for methylation density and epiallelic fractions that maximize discrimination (true positive rate [TPR] minus false positive rate [FPR] ) between two defined cohorts. This is achieved by the incremental application of a methylation density cutoff to define sample epiallelic fractions followed by the iterative calculation of the TPR-FPR values for the cohorts as a function of the epiallelic fraction cutoff. In this approach a sample is called positive if its epiallelic fraction is above the candidate cutoff values. The resulting data can then be used to identify parameters to achieve the maximum TPR -FPR value based on a given methylation density dataset.
We first investigated the potential of the MDBC to identify optimal cutoff values using the RRBS data generated from the three aforementioned sample types. For discriminating EOCs from healthy ovarian tissue or WBC controls, the MDBC identified optimal methylation density cutoff values of 40% or 85%, and optimal epiallelic fraction cutoff values of 7.9% or 1.1%, respectively. Figure 2 B-C contrasts the performance of the MDBC and classification by mean locus methylation with respect to receiver operating characteristic (ROC) analysis and sample classification. We found that the MDBC provided a marginal improvement over mean methylation with respect to AUC values but no improvement for discriminating EOC from healthy ovarian tissues (at 100% specificity). In contrast, when comparing ZNF154 methylation in EOCs to WBCs, our use of MDBC provided considerably better discriminatory power, as evidenced by a substantially lower p-value of 1.41e-5, compared to 7.57e-3 when measured by mean locus methylation.
Here, the measurement of respective (densely-methylated) epiallelic fractions provided improved discriminatory potential to classify samples and improve the clinical sensitivity (i.e., TPR) by a factor of roughly 30% (66% vs. 92%), while also maintaining absolute clinical specificity (i.e., 100% true negative rate).
MDBC performance on simulated dilute admixtures
We next explored how the MDBC might be expected to perform in dilute admixture solutions, such as cfDNA. Toward this end, we created simulated cfDNA solutions using in silico admixtures from RRBS reads of EOCs (n=12) and WBCs (n=22). Positive cfDNA samples were simulated by combining 10,000 randomly sampled RRBS reads from each of the EOC samples after being randomly-paired and mixed with a WBC background sample at various EOC:WBC admixture ratios ranging from 100% down to 0.01%. These were then compared with the RRBS reads exclusively from the WBCs. The methylation density profiles from the WBCs and the simulated positive cfDNA samples were then used, as above, to calculate the discriminatory power (TPR -FPR) of the MDBC over the entire range of methylation density and epiallelic fraction cutoff values. Data from this evaluation were then used to identify those methylation density cutoff values achieving the highest AUC value based on the MDBC at each admixture ratio. Lastly, the AUC values achieved by implementation of the MDBC to classify the samples were compared to those achieved using mean locus methylation. The results of these simulations, shown in Figure 3B and Supplemental Figure S1 , indicate that while the probability of improving sample classification relative to mean locus methylation steadily increases as the methylation density cutoff increases from 20 to approximately 80% at all admixture ratios, the anticipated performance improvement is less significant as the admixture ratio approaches 0.01%, as the ctDNA fraction becomes only stochastically present.
Implementation of the MDBC with DREAMing in liquid biopsies
We next aimed to validate the utility of the MDBC by assessing its performance for classifying samples based on ZNF154 methylation profiles obtained directly from liquid biopsy samples. To determine these profiles, we first designed and optimized a DREAMing-based assay targeting 14 CpGs located in the 175-bp segment of the ZNF154 CGI ( Figure 1A) . We validated the performance of this assay by performing quasi-digitization of discrete copy numbers of synthetic equivalents of bisulfite treated (BST) methylated epialleles in a large excess of BST unmethylated genomic DNA and observed the resulting DREAMing high resolution melt (HRM) profiles, as previously described (21 Figure S3) . Overall, results of this analysis demonstrated that melt temperatures determined by DREAMing correlated linearly with the methylation density of the corresponding epialleles.
Based on this calibration, methylation density profiles were then created for each liquid biopsy specimen (Supplementary Table 1 ). As shown in Figure 4A , preliminary meta-analysis of the methylation density profiles obtained via DREAM analysis of EOC-positive and cancer-free women revealed that while both cohorts exhibited a large fraction of ZNF154 epialleles with little to no methylation, only cfDNA from cancerpositive patients exhibited the presence of a significant proportion of densely-methylated ZNF154 epialleles.
We next employed the MDBC to identify methylation density and epiallelic fraction cutoffs which would optimize the diagnostic performance for classifying EOC-positive women based solely on their respective liquid biopsy ZNF154 methylation density profiles. The MDBC analysis, shown in Figure 4B , identified 45% and 0.14% as the optimal cutoff values for methylation density and epiallelic fraction, respectively. Figure 4C shows the classification performance as a function of methylation density threshold (using corresponding optimal epiallelic cutoffs) in comparison to classification by mean methylation alone.
Data from this analysis demonstrate that overall performance increases as the methylation density threshold is increased to 20% and remains largely flat until reaching 90%, at which point it declines, indicating that consideration of heterogeneously methylated epialleles can significantly improve classification performance over assessment of only heavily-methylated epialleles, as typically determined by MSP-based assays. In contrast, consideration of epialleles at methylation densities below 20% reduces overall performance by effectively reducing assay specificity. These points are further illustrated in Figures   4D , which shows that the MDBC achieves significantly better ROC performance than classification using either a 0% or 90% methylation density threshold. Figure 4E illustrates that implementation of the optimal thresholds is able to achieve a sensitivity and specificity of 73.1% and 95.6%, respectively, compared with 65.4% and 77.8% via discrimination by mean methylation, inferred from considering all epialleles, and 53.8% and 100% if only heavily methylated epialleles are considered.
Independent validation of MDBC threshold values
We validated the methylation density and epiallelic fraction thresholds identified by the MDBC from our initial cohort by applying them to the analysis of a second, independent cohort. For this validation cohort, we used archived plasma samples (n=36), comprising 3 separate blood draws obtained from 8 women over a period of 8 weeks (n=24), as well as plasma samples obtained from cancer-free women (n=12; Supplementary Table S2) . As before, plasma-derived cfDNA from each sample was analyzed via ZNF154
DREAMing assay to determine its corresponding methylation density profile. Initial analysis, shown in Figure 5A , indicated that these samples exhibited a similar overall methylation density profile as the first cohort. We then blindly classified these samples according to the 45% optimal methylation density and 0.14% epiallelic fraction thresholds established by MDBC analysis of the first sample cohort, the results of which are shown in Figure 5B and Supplementary Figure S3 . Overall, implementation of these threshold values performed similarly well in the validation cohort, achieving a classification performance of 87.5% sensitivity and 91.7% specificity. Figure S4 , demonstrated that the ideal methylation density cutoff values identified by the MDBC were highly similar for both the initial (20-50% density) and validation (20-35% density) cohorts. These results indicate that experimentally-determined methylation density thresholds are likely consistent and applicable when evaluating independent cohorts with similar patient characteristics.
Independent evaluation of the DREAMing data from the validation cohort, shown in Supplementary
Lastly, we compared the diagnostic performance of the MDBC optimized cutoffs with commonlyemployed CA-125 diagnostic criteria (34) for blood-based detection and monitoring of ovarian cancer. In the second plasma cohort, CA-125 measurements were available for all but one of the blood draws. The MDBC cutoffs correctly classified 20 of 23 (87.0%) samples, significantly exceeding the performance of CA-125, with which only 11 of 23 (47.8%) samples were classified correctly using the standard cutoff of 35 U/mL ( Figure 5D ). More specifically, CA-125 misclassified all of the patients with non-serous ovarian cancer subtypes (n=9). By contrast, employment of the MDBC with ZNF154 DREAMing data correctly classified 7 of the 9 non-serous samples. This finding suggests that optimizing the diagnostic performance of ZNF154 methylation by way of the MDBC may represent a substantial improvement over CA-125, particularly for women with non-serous ovarian cancer.
DISCUSSION
In the present work, we report a method for leveraging disease-associated differences in epiallelic methylation density profiles to improve performance of methylation biomarkers for use in clinical diagnostic assays, particularly when evaluating challenging samples such as liquid biopsies. Our results demonstrate that assessing methylation density information of individual DNA fragments can be used to establish effective thresholds capable of overcoming the inherent biological noise associated with methylation from background sources such as healthy tissues or age-related epigenetic drift (35). Using the methylation biomarker ZNF154 in the context of ovarian carcinoma as an example, we demonstrated that methylation density profiles can be inferred from sequencing data from tissues to predict performance of candidate methylation biomarkers. We employed an ultra-sensitive technique called DREAMing to determine the methylation density of individual DNA fragment epialleles in plasma at this locus and used the resulting information to validate the effectiveness of classifying samples based upon their respective ZNF154 methylation density profiles.
While the MDBC can be used to predict and improve the performance of newly-identified methylated biomarkers, it also has the potential to prompt reevaluation of promising methylated loci that may have been overlooked or excluded due to perceived background noise resulting from heterogeneous methylation. As this noise depends not only on the locus in question but also on the cohort of samples analyzed, the MDBC could be used to prescreen for methylated loci that would have the highest performance specific to the clinical context of interest. Moreover, the optimal methylation density cutoff could also be used to inform the type of assay to be designed for the identified methylated biomarker. For example, an identified locus with a high methylation density optimal cutoff would imply that an MSP-based assay targeting these epialleles would be sufficient for diagnostic purposes instead of developing a more in-depth sequencing approach.
We observed that the optimal thresholds identified by the MDBC can vary considerably between distinct datasets as seen in the notable difference in methylation density thresholds between the ovarian tissue and plasma sample sets. This likely reflects inherent differences in the composition of the tissue types and suggests that care should be taken when employing MDBC-identified thresholds in disparate sample types. Nonetheless, our results indicate that consideration of heterogeneously methylated epialleles can likely improve diagnostic performance over a wide range of threshold values, regardless of sample type or cohort.
Recent analyses of cancer methylomes have shown that while cancer-specific hypermethylation can be highly deterministic, methylation patterns between tumor subpopulations at these loci can also be highly polymorphic (13). Methylation assays, such as MSP, that rely on heavily methylated signatures may become ineffective at detecting early stage tumors in part due to their inability to discriminate subtle changes in methylation density that likely arise early during carcinogenesis. In theory, MDBC thresholds can potentially be adjusted to differentiate even marginal changes in methylation density to increase early stage sensitivity while balancing specificity. Future studies will be needed to establish the relationship between the extent of heterogeneous methylation at each tumor stage across genomic loci and the optimal MDBC cutoffs for each.
The MDBC approach is critically reliant upon sensitive and accurate assessment of methylation density at the individual epiallele level. This can pose technical or logistic barriers, particularly for sequencing-based approaches, which require significant time and cost to achieve adequate sensitivity and statistical power to determine accurate methylation density profiles in samples containing dilute tumor DNA, such as liquid biopsies. Alternatively, the DREAMing-based system we describe here offers several advantages for targeted profiling of methylation density. In particular, the short turnaround time for
DREAMing (results in several hours) and low cost (approximately $10.00 per sample) make it a practical option for profiling methylation density. Secondly, single molecule sensitivity is readily achievable by DREAMing, which is particularly important when working, as here, with limited (plasma) sample volumes.
Furthermore, unlike bisulfite sequencing, DREAMing does not require analysis of sequencing results or patterns, drastically reducing the turnaround time for determining optimal thresholds for maximizing performance or applying established thresholds in a given clinical application.
There are a number of drawbacks worth considering when employing the DREAMing technique.
Perhaps the most notable limitation of DREAMing is its reliance upon nonspecific DNA-binding dyes that all but preclude its amenability to multiplex analysis or large biomarker panels. Accurate enumeration of heterogeneously-methylated epialleles also the requires that each sample undergo quasi-digital dilution to enable Poissonian quantitation, which ultimately limits target quantification to three orders of magnitude or less when using standard microtiter plates. Nonetheless, for the vast majority of applications, it is the rarer, more densely-methylated epialleles that are of primary interest. Taking this into account, selective absolute quantification can be achieved by performing limiting dilution targeted to only rare epialleles over a specific methylation density cutoff. This thereby requires less partitioning and diluting of samples and increases overall throughput. More recently, we have successfully incorporated DREAMing into a highly-parallelized microfluidic array that drastically enhances the dynamic range of the assay, allowing simultaneous methylation density analysis of millions of molecules per sample, obviating the need to quantify sample DNA concentrations to achieve precise dilution (36). Lastly, it is worth noting that the exquisite sensitivity and resolution of DREAMing make it potentially susceptible to issues such as inefficient bisulfite conversion or low fidelity polymerases that can lead to amplicons that do not accurately reflect the sequences or methylation statuses of the template epialleles. Likewise, it is strongly recommended to use only established and validated protocols and reagents for sample processing and analysis.
In the present work, we employed ZNF154 as a model methylation biomarker based upon previous reports by us and others showing it to be recurrently methylated in numerous cancer types. The findings in our present study confirm and extend these observations by demonstrating that methylation of ZNF154 can reliably distinguish cfDNA from liquid biopsies of EOC-positive women from those of healthy, noncancerous controls. Furthermore, our results also indicate that, unlike CA-125, the broad cancer specificity of ZNF154 methylation can be leveraged for the detection of all EOC subtypes, including non-serous cases. On the other hand, while the broad cancer specificity of ZNF154 makes it attractive as a potential pan-cancer biomarker, it would likely need to be paired with follow up analyses such as a panel of other, tissue-specific markers to identify the cancer tissue of origin (18,37).
Overall, the MDBC approach presented here is a relatively simple, but effective technique for overcoming issues related to the heterogeneous methylation patterns that arise from the infidelity and stochasticity of the cellular processes associated with the accumulation and maintenance of DNA methylation. Likewise, this approach is likely to be largely suitable not only for optimizing the performance of methylation biomarkers for clinical diagnostic applications, but also more generally for the study and evaluation of any biological phenomena associated with the dynamic accumulation or loss of DNA methylation.
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Supplemental Figure S3 . ZNF154 locus methylation density vs. DREAMing melt temperature in cfDNA. DREAMing melt peak temperatures and corresponding methylation density measurements identified via bisulfite sequencing for 131 post-DREAMing epiallele amplicons. The numbers on the plot represent the number of times a detected melt peak had the corresponding melt temperature and produced an amplicon with the corresponding methylation density. The red line denotes the best fit regression line. The linear regression model and Rsquared value is shown above the plot. Table S2 : Second patient cohort of EOC (n=24) and normal control (n=12) plasma samples. Blood draw timepoint, patient age, volume of plasma processed, cfDNA concentration (ng/mL), blood concentration of measured cancer antigen 125 (CA125, U/mL), EOC subtype, estimated genomic equivalents assessed in DREAMing, and number of observed melt peaks with a given methylation density for each sample are reported.
